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Mycobacterium avium subsp. paratuberculosis (Map) causes Johne’s disease, with large economic consequences for
dairy cattle producers worldwide. Map spread between farms is mainly due to animal movements. Locally, herd size
and management are expected to influence infection dynamics. To provide a better understanding of Map spread
between dairy cattle farms at a regional scale, we describe the first spatio-temporal model accounting simultaneously
for population and infection dynamics and indirect local transmission within dairy farms, and between-farm transmission
through animal trade. This model is applied to Brittany, a French region characterized by a high density of dairy cattle,
based on data on animal trade, herd size and farm management (birth, death, renewal, and culling) from 2005 to 2013
for 12 857 dairy farms. In all simulated scenarios, Map infection highly persisted at the metapopulation scale. The
characteristics of initially infected farms strongly impacted the regional Map spread. Network-related features of incident
farms influenced their ability to contaminate disease-free farms. At the herd level, we highlighted a balanced effect of
the number of animals purchased: when large, it led to a high probability of farm infection but to a low persistence. This
effect was reduced when prevalence in initially infected farms increased. Implications of our findings in the current
enzootic situation are that the risk of infection quickly becomes high for farms buying more than three animals per year.
Even in regions with a low proportion of infected farms, Map spread will not fade out spontaneously without the use of
effective control strategies.Introduction
Understanding how the contact structure between indi-
viduals or populations affects the spread and persistence
of infectious human and animal diseases is of great im-
portance for better controlling their spread [1,2]. Patho-
gens can propagate among populations of hosts through
various transmission routes. Movements of infected hosts
represent a major pathway [3]. Indeed, these movements
directly affect the epidemiological status of destination
populations. Moreover, they can relate distant populations
influencing disease spread at a large scale [4].
In Europe, due to regulation following the bovine spongi-
form encephalopathy crisis, national databases have been
set up with the objective to exhaustively trace cattle move-
ments between farms. Such data were largely investigated
using methodological tools from network analysis [5-9]. In
particular, their temporal variability has been shown to be* Correspondence: gael.beaunee@gmail.com
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to infection emergence and propagation [5,10]. As infor-
mation on animal movements between farms is now avail-
able over several years in many countries [11,12], it can be
used as underlying structure of pathogen spread between
cattle farms, when investigating regional dynamics [13].
Paratuberculosis, or Johne’s disease, is considered as
mainly introduced into farms by purchasing infected stock
[14]. This slow progressive disease observed worldwide
[15,16] is due toMycobacterium avium subsp. paratubercu-
losis (Map). It is one of the most important enzootic infec-
tious diseases in dairy cattle with a large economic impact
for producers due to decreased milk production, premature
culling, reduced slaughter value, low fertility, and increased
animal replacement rate [17,18]. Infection usually occurs in
the first year of life [19], newborns being the most suscep-
tible animals. Transmission occurs in utero [20] and
through the ingestion of Map via contaminated colostrum,
milk or faeces [21]. The progression of animals through the
different Map infection states is a complex continuous
process with intermittence in shedding and a late onset of
clinical signs. Because of the low sensitivity of diagnosticle is distributed under the terms of the Creative Commons Attribution 4.0
.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
ive appropriate credit to the original author(s) and the source, provide a link to
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disease, Map spread at a regional scale cannot be easily ob-
served and remains poorly understood. Hence, it is not
straightforward to evaluate and compare the efficiency of
control measures through field studies, which are, besides,
long and expensive. In this context, modelling provides
relevant and complementary insights for the study of
paratuberculosis progression at a regional scale.
For slowly progressive diseases, such as paratuberculo-
sis, local patterns of infection spread vary over time and
are often heterogeneous among populations. Hence, infec-
tion dynamics within populations need to be accounted
for when exploring the transmission of such diseases at a
metapopulation scale (e.g. for tuberculosis in cattle [13]).
Moreover, livestock populations are managed by farmers,
leading to a short life expectancy of animals, a large re-
newal rate, and a well-characterized within-herd structure
of contacts. Herd size and farm management also vary
among farms. Since all of these factors largely impact
pathogen spread within and between populations, they
also should be considered to adequately represent and bet-
ter understand pathogen spread through multi-level ap-
proaches, from local to regional scales.
Several models of Map spread within a cattle farm have
been proposed (most of them reviewed in [22]) to test
various hypotheses on transmission pathways [23,24], to
investigate economic consequences of the disease [25-27],
and to compare control strategies at the farm level
[28-30]. It has been shown that the two main transmission
routes within a farm are the indirect transmission through
the farm environment contaminated by infectious adults
and the vertical in utero transmission. [31] Moreover, the
large influence of the farm management on Map spread
has been evidenced [30]. At a regional scale, fewer ap-
proaches have been proposed for paratuberculosis [32,33],
none accounting for the within-farm indirect Map trans-
mission in relation with farm management.
To better understand the main features of Map spread
at a regional scale in a metapopulation of dairy cattle, we
developed a multi-scale modelling framework. Map epi-
demiological models defined at the farm scale are coupled
through animal trade movements. Farm management is
also considered. The model is generic, but in this study it
was calibrated to be in agreement with farming systems
and herd demography as observed in Brittany, a region in
Northwestern France. Three main features were explored
through intensive simulations. We evaluated the influence
of the characteristics of initially infected farms on the re-
gional Map spread and persistence over almost a decade.
We characterized farm profiles at risk to receive or trans-
mit the disease. We also studied the within-farm infection
dynamics, namely the probability of extinction and the
prevalence, in the context of a pathogen circulating be-
tween connected populations (i.e. a metapopulation).Materials and methods
Modeling Map spread at a regional scale
The regional discrete-time model of Map spread consists
in coupling numerous (one per farm) stochastic within-
farm epidemiological models through cattle trade move-
ments. Connected dairy farms located in a given region
are characterized by their size and population dynamics in
relation with their management (births, deaths, culling,
and renewal processes). For both animal movements and
farming management, real observed data are plugged into
the model.
Within-farm model of Map spread
We adapted the model of Map spread within a struc-
tured dairy cattle farm described by Marcé et al. [30,31],
as it includes most of the current knowledge on the
mechanisms involved in this infection.
The model and its assumptions are described in details
in [31] In brief, this model is a stochastic compartmental
model in discrete time (with a time step of one week)
that jointly describes population and infection dynamics.
Since Map-infected individuals exhibit slow progression
through health states, the fixed time-step of one week,
smaller than the average time interval between two
events, was satisfactory. The herd is structured into five
age groups and animals are distributed into six infection
states (Figure 1): susceptible (S) before 1 year of age, re-
sistant (R) at older ages, transiently infectious (T) just
after the infection, latently infected but not infectious
(L), infectious without symptoms (IS), clinically affected
and highly infectious (IC). The model accounts for the
decrease in susceptibility to infection with age (exponen-
tial decay). Infection of animals older than one year of
age was neglected in the model (all these animals are in
R compartment), since it is very rare in the field [19,34]
and has been observed mostly during experiments with
oral or intravenous inoculation of large doses of patho-
gen. The model also accounts for the heterogeneity in
shedding among infectious animals, both between infec-
tion states and between animals in the same state. After
an initial phase of shedding observed just after infection
(state T), shedding barely can be observed before the
first calving [35,36] and therefore is neglected (animals do
not shed in state L). Five transmission routes are taken
into account: in utero transmission and four indirect
transmission pathways, since Map is able to survive in the
environment. Indirect transmission can occur through the
ingestion of contaminated milk, colostrum, and faeces, the
latter arising either from the calf farming environment
contaminated by shedding calves, or from the general
farm environment contaminated by shedding adults. Six
contaminated farm environments (Ei) are modelled, one
per age group and one for the general farm environment.
The diagram flow of the model is represented in Figure 1.
Figure 1 Conceptual model of Map spread in a dairy cattle farm. S, susceptible; R, resistant; T, transiently infectious; L, latently infected; Is, Ic,
infectious and subclinically infected vs. clinically affected animals, respectively. Ei, indoor environment in housing i, with i in {1,…,5}(depends on
age and season); Eg, general environment of the farm; Eout, outdoor environment of grazing calves; Aj, cows in adult group j, with j in {1,…,5}.
Contributions to the environment contamination are represented by dotted lines. Exit rates from each compartment are not represented
(adapted from Marcé et al. [30]).
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tions and adaptations. First, the analysis of the model
revealed that raising calves in individual pens during a
few weeks hardly had any effect on Map spread as long
as the separation from adults was not perfect [30]. The
within-farm model is simplified accordingly, calves be-
ing assumed to be managed in collective pens and to
be exposed to the associated environment since birth.
Moreover, calf-to-calf transmission was identified as a
minor route of transmission [31]. As male calves are
generally sold a few weeks after birth, they are no lon-
ger considered. Second, in [31] herd size was kept
stable by the sale of heifers and culling of cows using
density-dependent processes. We modified the model
so that animal movements (following purchase and sale)
are deterministically incorporated from data on animal
trade. Birth events also are plugged deterministically from
data. Mortality and culling rates are still stochastic pro-
cesses but with parameters calibrated from observed data,
specifically for each farm.In addition to all the simplifications mentioned
above, the new version of the model, recoded in C++, is
computationally much more efficient and modular,
which renders it optimal for incorporation into a larger
metapopulation model. All the variables and equations
describing the within-farm dynamics are detailed in
Additional file 1, section A.
Regional model of Map spread accounting for between-farm
animal movements
In the regional model, date of movements, origin and
destination farms, and age of traded animals are recorded
in the database and hence deterministically implemented.
The health state of every traded animal is randomly
selected according to the prevalence of infection in
the source farm at the time of movement. Every
animal can be selected for a movement, except those
with clinical signs (Ic). The health state Xi→ j
a,k of an animal
k among Ni→ j
a animals of age a moving from farm
i to farm j is drawn from a multinomial distribution.






with ∑Z ∈ (S/R,T,L,Is) pi
a,Z = 1 for all a, i and j, where pi
a,Z repre-
sents the proportion of animals of age a, in health state Z,
in farm i. These proportions are specifically calculated at
the time of movement occurrence (for reasons of simplifi-
cations, time is omitted in the equation above).
In the unlikely case where there is no animal of the right
age in the model as observed in the data, an animal is se-
lected in the closest age group. In the case data specifies
that an animal is purchased from outside Brittany, its
health state is determined again using the previous equa-
tion, but the probabilities pa,Z are calculated on the whole
metapopulation considered, at the time of movement and
for the corresponding age. The underlying assumption is
that the risk of introduction of an infected animal is the
same from outside as from within the metapopulation.
Animal trade data and network representation
Information on animal movements was extracted from the
French cattle identification database (FCID), for the period
from 2005 to 2013 (nine years). This database records the
life history of all cattle animals from birth to death, includ-
ing movements between holdings (i.e. farms, markets, and
assembling centres). For each animal, the information con-
cerns its country code and national identification number,
breed, date and farm of birth, sex, as well as all the holdings
to which it belonged during its life time, the cause and date
of entry into each holding (birth, purchase), the cause and
date of exit from each holding (death, sale). Based on this
information, we built the trade network formed by cattle
movements among holdings, underlying the metapopula-
tion contact structure. As the time spent by animals in
markets and assembling centres is rather short (less than
one day in markets and less than several days in assembly
centres) and thus expected not to give rise to new infec-
tions, we rebuilt the trade network by replacing indirect
farm-to-farm connections (passing through markets and
assembling centres) by direct farm-to-farm connections.
Hence, in the resulting network, farms represent the nodes
and their trade relationships define the links. This network
is directed (trade is not symmetric), weighted (the number
of animals exchanged varies among pairs of farms) and
time-varying (animal transactions occur at specific times).
Network attributes of a given node can inform on the
node contribution, relatively to other nodes, regarding
the ability of pathogens to invade and keep spreading
and the epidemic burden following this invasion (both at
local and metapopulations levels). Two key characteris-
tics of node connectivity are used: degree and strength.
The in-degree (out-degree) of a node is defined as the
number of incoming (outgoing) links. The in-strength is
defined as the number of animals purchased (incoming
movements) from other nodes, whereas the out-strength
is the number of animals sold (outgoing movements) toother nodes. From these attributes, the polarity of each node
can be defined as the difference between its in-strength and
out-strength over their sum (Moslonka-Lefebvre M,
Gilligan C, Monod H, Belloc C, Ezanno P, Filipe J,
Vergu E: Market analyses of livestock trade networks
to inform the prevention of joint economic and epi-
demiological risk, submitted). By construction, this in-
dicator takes its values between -1 and 1. Nodes with
negative polarity less than -0.25 were labelled as “ra-
ther sellers”, whereas those with positive polarity
greater than 0.25 as “rather buyers”, and those with
polarity between -0.25 and 0.25 as “wholesalers”.
We focused our study on dairy cattle farms located in
Brittany, in Northwestern France. This region is charac-
terized by a high density of dairy cattle (85% of cows are
dairy cows) [37]. Farms were selected according to their
type and size, only those having more than 15 dairy fe-
males being included in the network. Such farms are as-
sumed to be professional ones with a dairy production
unit. French dairy cattle herds are mainly composed of
females, breeding being based on artificial inseminations.
Therefore, only movements of females of dairy or
crossed breed are considered in the network, neglecting
fattening activities that are most often conducted in a
different building or area of the farm. The resulting
metapopulation is made of 12 857 farms, which tend to
be rather sellers (72.7%) than buyers (26.2%). The net-
work (Figure 2, aggregated over 2009–2013 for illustra-
tion) is composed of 919 304 animal movements over
the observed period (2005–2013), among which 223 968
movements are between farms in the metapopulation,
the others being from and to external holdings. The in-
and out-degree distributions are highly right skewed, the
majority of farms making relatively few contacts over the
period considered (see Additional file 2). The exchanged
animals are mainly young ones (39.5% before weaning)
and lactating cows (37.4% older than 2.5 years of age).
Parameter values, simulated scenarios, model outputs and
simulations analysis
Model parameterisation
Parameter values of the within-farm model related to
epidemic dynamics are identical to those presented in
[31] (reported in the Additional file 1, section C). Pa-
rameters related to population dynamics, such as herd
size and culling rates are calibrated on data, specifically
for each farm of the metapopulation (see Additional file
1, section B, for distributions of these parameters). The
agreement between observed and predicted herd size
over the 9-year period was considered acceptable if there
was at most 20% of gap between average predictions and
observations for at least seven years among nine. Animal
movements between farms completely match observed
trade exchanges between farms (data described above).
Figure 2 Network representation of cattle trade data in Brittany (Northwestern France) between dairy farms from 2009 to 2013. Diagram
shows animal movement data aggregated spatially by municipality and temporally over the whole period. Size of filled circles corresponds
to the number of animals (yearly average herd size) present in each municipality (represented on the map at its geographical location), and
their colour to the polarity (blue when rather seller and red when rather buyer). Lines represent animal movements between municipalities
(direction is neglected), and their thickness is proportional to the number of traded animals. Movements from and to outside the
metapopulation are not shown.
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To assess the impact of the initial contamination severity
at both metapopulation and farm levels, several scenarios
were simulated by varying three criteria related to the ini-
tial conditions. We tested two values for the proportion of
initially infected farms (1 and 10%) and four average levels
(and related distributions) for the initial within-herd
prevalence of infection within infected farms (A: very low,
B: low, C: medium, D: high). These latter distributions
were obtained by simulating the infection dynamics in iso-
lated primarily infected farms during 1, 4, 7, and 10 years
previous to any connection in the metapopulation. To
evaluate how farms’ characteristics impact Map regional
spread, primarily infected farms were chosen using three
different options: (1) uniform random choice among farms
selling at least one animal to another farm of the metapop-
ulation during the period considered; (2) random choice
weighted by farm out-degree, farms with large out-degree
being preferentially selected; (3) random choice weighted
by farm out-strength, farms with large out-strength being
preferentially selected. For options 2 (respectively 3), farmswere selected according to a discrete distribution where
each farm i (among n) has the following probability of be-
ing chosen: P ijw1;w2;…;wnð Þ ¼ wiXn
k¼1wk
; 1≤i≤nð Þ; where
wi is the out-degrees (respectively out-strength) of farm i.
Combining these three criteria led to 24 scenarios (2 ×
4 × 3). Outputs were calculated based on 1000 runs per
scenario, over the period 2005–2013.
Model outputs
The model behaviour was analysed using two kinds of
outputs, specifically calculated for each scenario tested.
First, we analysed Map spread at the metapopulation
scale. For each scenario, we evaluated the probability of
Map persistence in the metapopulation, defined at a
given time point as the proportion of runs for which
Map was still present in the metapopulation (in at least
one farm). Then, among replications showing a persist-
ent infection at the end of the simulated period, we eval-
uated the median and the empirical confidence interval
based on percentiles (percentile 10 – percentile 90) of
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over time. Second, we investigatedMap spread at the farm
scale. We defined the probability for a farm of acquiring
infection as the proportion of runs for which it has been
infected at least once over the period. We counted the
number of initially Map-free farms that have been infected
per incident farm (i.e. tertiary cases caused by initially
Map-free farms that have been infected, becoming sec-
ondary cases). This latter output enabled us to identify
which farms were the most at-risk of spreading Map in
the initial stage of the regional disease spread apart from
prevalent farms (i.e. initial cases). We defined the prob-
ability of Map persistence in incident farms after a 5-year
period as the ratio between the number of incident farms
constantly infected during the 5 years after their infection
set up and the total number of incident farms. A farm that
has been infected, where infection has fade out, and that
has been infected again was counted twice as an incident
farm. We investigated the distribution of the within-herd
prevalence of infection 5 years after the time of individual
infection in the subpopulation of already infected farms.
These two latter outputs were appropriate to assess, for a
given farm, the impact on the within-farm infection dy-
namics of having connections with other farms in a region
where Map propagates, compared to being isolated.
Simulations analysis
Variations in farm-level outputs were analysed with re-
spect to the number of infected animals purchased and
the farm characteristics. Farm-related outputs investigated
were: prevalence in infected animals, infection duration,
probability of infection and probability of persistence.
Herd size and farm characteristics related to the connect-
ivity on the network, such as in- and out-degrees, in- and
out-strengths, and polarity were the characteristics consid-
ered. Distributions of these characteristics in different sub-
populations were compared using chi-square tests. In
order to identify determinants of the probability of infec-
tion of Map-free farms, general linear models including
first one explanatory variable among herd size, degree (in
and out), strength (in and out) and polarity, and then all
variables, were tested. We used Akaike information criter-
ion (AIC) and adjusted McFadden’s pseudo R2 to evidence
the best model. Analyses were performed using the glm
function (with binomial link and logit transformation) and
BaylorEdPsych package (for model selection criteria) of R-
software [38].
Results
Preliminary explorations of disease-free population dy-
namics showed a good agreement between simulated
and observed data. Demographic trends were adequately
reproduced for 99% of the farms according to the empir-
ical criterion defined, comparing observed and predictedherd sizes over time. The model was able to track
changes in herd size in most of the cases (see Additional
file 3).
Irrespective of the proportion of farms initially infected,
their prevalence, and their centrality in the animal trade
network, no spontaneous extinction was predicted at the
metapopulation scale over the nine years of simulation. In
particular, even in the case where only 1% of the farms
were weakly initially infected (scenario A), the probability
of persistence of the infection in the metapopulation was
equal to 1.
On the contrary, the speed and amplitude of Map spread
between the farms of the metapopulation were largely af-
fected by the proportion of initially infected farms and the
level of infection in these farms (Figures 3 and 4). As ex-
pected, the larger was the proportion of farms initially in-
fected and the greater their within-herd prevalence, the
more numerous were the newly infected farms. In the case
1% of the farms were infected prior to Map propagation
into the metapopulation and regardless of the way they
were sampled, the number of incident farms was increased
by 0.2% (ratio of 1.2) to 9% (ratio of 10) in 9 years, when
increasing the level of within-herd prevalence (Figure 3).
However, for a given sampling procedure of the initially in-
fected farms, this relationship was not simply linear. Start-
ing with 10% of the farms initially infected, the same
increasing trend was observed but with much steeper
slopes (e.g. the fraction of infected farms can increase from
10% to more than 40% in the worst case scenario, red lines
in Figure 4). Regardless of the features of initial infection,
the prevalence of infected farms at the regional level did
not reach a steady-state but was still increasing after 9
years. Interestingly, when starting with 1% of the farms ini-
tially infected at the lowest level of within-herd prevalence
(scenario A at lowest risk of Map regional spread and per-
sistence, black curves in Figure 3), the number of infected
farms decreased during 3 years prior to growing up. This is
related to the occurrence of more local extinctions than of
newly infected farms. In addition, the sampling scheme of
initially infected farms also affected Map spread. Specific-
ally, a selection of primarily infected farms favouring those
with high out-degree or out-strength provided very similar
results, and led to a faster spread and a larger number of
infected farms than a uniform random selection.
We evidenced a large influence of farm characteristics on
the probability of farm acquiring infection (Table 1), the
best explanatory variable (based on both model selection
criteria used) being the farm in-strength (number of animal
purchased), especially after a logarithmic transformation
(Figure 5A). Furthermore, the effect of the number of in-
coming animal movements on the probability of farm infec-
tion varied with the proportion of initially infected farms
and their intra-herd prevalence of infection (Figure 5B). For
high levels of initial infection, the probability of acquiring
Figure 3 Infection dynamics in the metapopulation of dairy cattle farms in Brittany - 1% of the farms initially infected. (A) Distribution
of the within-herd proportion of infected animals among initially infected farms for the four levels considered as initial conditions: very low (A, grey),
low (B, green), medium (C, blue) and high (D, red). (B) Proportion of infected farms in the metapopulation over time (lines represent medians over
1000 runs for each scenario). Distinct colours correspond to different intra-herd levels of infection in initially infected farms (as in (A)). Line style
corresponds to the type of sampling of initially infected farms: uniformly (solid line), proportional to the out-degree (dotted line), and proportional
to the out-strength (dashed line). Coloured shaded areas represent empirical confidence cones (percentiles 0.10 and 0.90).
Figure 4 Infection dynamics in the metapopulation of dairy cattle farms in Brittany - 10% of the farms initially infected. (A) Distribution
of the within-herd proportion of infected animals among initially infected farms for the four levels considered as initial conditions: very low
(A, grey), low (B, green), medium (C, blue) and high (D, red). (B) Proportion of infected farms in the metapopulation over time (lines represent
medians over 1000 runs for each scenario). Distinct colours correspond to different intra-herd levels of infection in initially infected farms
(as in (A)). Line style corresponds to the type of sampling of initially infected farms: uniformly (solid line), proportional to the out-degree (dotted line),
and proportional to the out-strength (dashed line). Coloured shaded areas represent empirical confidence cones (percentiles 0.10 and 0.90).
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Table 1. Results of the general linear regression for the
probability of acquiring infection for Map-free farms
Explanatory variable included
in the model
AICa McFadden’s adjusted R2
Out-degree 815 747 0.026
Size 808 385 0.035
Out-strength 752 264 0.11
In-degree 544 260 0.37
Polarity 536 490 0.38
In-strength 306 029 0.67
All 212 280 0.79
Log(In-strength) 130 056 0.90
aThe best model corresponds to the smallest AIC and the largest McFadden’s
adjusted R2. All the p-values associated to variables in all models are < 0.05.
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number of animals introduced into the farm was lar-
ger than 25 animals per year. Also, starting from 10%
of the farms initially infected at a medium level of
within-herd prevalence, the probability of farm infec-
tion for an average of 4 animals purchased per year
was higher than 0.5. At the opposite, when only 1%
of the farms were initially weakly infected, the prob-
ability of acquiring infection for disease-free farms(a)




























Figure 5 Probability of acquiring infection at least once for Map-free
of data) of animals purchased per year. (A) Each point corresponds to a
during the nine-year simulation. The scenario with 1% of the farms initially
prevalence is shown. The solid blue line corresponds to the prediction o
purchased animals (in-strength) as explanatory variable. (B) Each curve c
(1% - solid lines and 10% - dotted lines), and their levels of within-herd preva
scenarios with initially infected farms uniformly sampled are shown. Lines corr
of the number of purchased animals (in-strength) as explanatory variable.steadily increased with the number of animals pur-
chased and never reached 1 in nine years of regional
pathogen spread.
The occurrence of new tertiary infections at the farm
level caused by incident farms (secondary cases) was
influenced by the characteristics of incident farms. Dis-
tributions of herd size, in and out-degree, in and out-
strength, and polarity among incident farms generating
tertiary cases were significantly different (p < 2.2e-16)
from distributions of these same characteristics within
the whole set of farms (Figure 6). Incident farms with
herd size larger than 110 animals, with more than 8
outgoing connections and more than 70 animals sold,
and with a polarity between −0.6 and 0.25 (rather seller
behaviour) were more likely to transmit the disease. In
particular for polarity, more than 50% of the infective inci-
dent farms behave like wholesalers. They correspond to
farms with both a high risk to acquire infection and a high
propensity to spread the pathogen when infected.
As expected, the probability of persistence of Map infec-
tion five years after the infection onset at the farm scale
highly increased with the number of infected animals in-
troduced during the infection duration (Figure 7A). A
single Map introduction led to the same probability as ob-
served in the case of an isolated farm. A second(b)
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farm in the metapopulation, which purchased at least one animal
infected, uniformly sampled, and with medium levels of within-herd
f the general linear model with the logarithm of the number of
orresponds to a different proportion of farms initially infected
lence (very low - black, low - green, medium - blue and high - red). Only













































































































Figure 6 Probability distributions of farms’ characteristics in the whole metapopulation (red) and among the secondarily infected
farms that transmitted the disease to tertiary cases (blue). Data used are aggregated over the whole period (2005-2013). Intersections
between histograms in different populations are in grey. The scenario with 1% of the farms initially infected, uniformly sampled, and with
medium levels of within-herd prevalence is shown (blue histograms). (A) Size; (B) In-degree (number of farms from which animals are purchased);
(C) Out-degree (number of farms to which animals are sold); (D) In-strength (number of animals purchased); (E) Out-strength (number of animals sold);
(F) Polarity (by construction, sellers have values <0, buyers have values >0).
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double the probability of persistence. For more than five
Map introductions in nine years, the probability of per-
sistence was around 90%. In addition, the within-farm in-
fection burden also was influenced by the number of
infected animals introduced during the period of infection
(Figure 7B). The within-herd prevalence of infection five
years after farm infection in farms introducing a single in-
fected animal was very similar to the prevalence predicted
in an isolated farm. In farms receiving more than one in-
fected animal, the prevalence reached increased with the
number of infected animals introduced. However, this effect
was mitigated when increasing the severity of the initial
state (with respect to the proportion of farms infected and
their within-herd prevalence) prior to pathogen spread at
the metapopulation scale (data not shown). No effect of
other farm characteristics on the within-herd prevalence
was shown.
More unexpectedly, for 1% of initially infected farms
at moderate levels, the probability of persistence at thefarm scale decreased when the in-strength increased,
whereas this impact was less pronounced for the other
characteristics, especially for herd size and out-strength
(Figure 8). Farms with a large number of incoming ani-
mal movements, and therefore with a high probability of
being infected, showed a very low risk of persistent in-
fection. This trend was not present for a scenario start-
ing with 10% of initially infected farms with high levels
of within-farm infection. For this scenario, the probabil-
ity of persistence of within-farm infections either in-
creased when size or network-related characteristics of
farms increased, or stood relatively stable with respect to
these characteristics.Discussion
We presented here the first multi-scale spatio-temporal
model to predict Map spread in a metapopulation of dairy
cattle farms. This model couples within-farm dynamics
through observed between-farm animal trade movements.
Figure 7 Probability of persistence and within-herd proportion of infected animals in secondarily infected farms. The scenario with 1%
of the farms initially infected, uniformly sampled, and with medium levels of within-herd prevalence is shown. (A) Probability of persistence of
within-farm infection 5 years after infection set up (corresponding to the introduction of the first animal) as a function of the number of
infected animals purchased during the same period. (B) Within-herd prevalence at five years of infection duration according to the number of
infected animals purchased by the farm over these five years. Each box contains values between the first and the third quartiles. Horizontal
lines outside boxes correspond to the first quartile – 1.5x interquartile range and the third quartile + 1.5x interquartile range. Red dots correspond to
mean values and thick horizontal lines to medians. For each range of the number of infected animals purchased, top values correspond to the
number (black) and the proportion (grey) of incident farms in which infection was still persistent five years after the pathogen introduction
over the whole set of runs. As a given farm can be counted several times, the number of distinct farms used to build the box plot is also
provided (blue).
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regional scale [32,33], this model is original as it simultan-
eously accounts for stochastic demographic and infection
dynamics within dairy farms, indirect local transmission,
and data on animal trade, herd size, and farm management.
This level of detail is required to accurately represent
Map spread. Indeed, paratuberculosis is a slow progres-
sive disease with chronic infection and whose preva-
lence of infection is expected to largely vary among
infected farms as well as over the course of infection in
a given farm [31]. Due to the fidelity of the model in
representing mechanisms governing Map spread, the
intensive simulations performed in this study as well as
their analysis help to provide a better understanding of
the within and between-farm infection dynamics.
Cattle movements are modelled explicitly based on
real trade data, which allows us for accounting for the
time-varying nature of such a network. In Europe, most
national cattle identification databases are well docu-
mented, movements being recorded daily. The analysis
of the FCID showed that connections between nodes
vary among years, a very small proportion of the linksbeing preserved over time [5]. Moreover, the number of
farms decreases due to farm merging. The available data
also allows us to reproduce the demographic trends over
the considered period, specifically for each farm. Indeed,
herd size and farm management (especially the renewal of
adults, culling, and trade) can be highly variable among
years. Our model is data-driven, which can be viewed as a
strength or as a limitation. On the one hand, this enables
us to provide a realistic representation of interacting farms
at a regional scale, and therefore to more precisely identify
the mechanisms involved in the spread of pathogens and
the main drivers for their subsequent control. On the
other hand, it constrains the simulation period to the
range of observed data. This limitation could be overcome
if it was possible to generate network dynamics for unob-
served time horizons. Therefore, there is an urgent need
for predictive models of animal trade movements in order
to not only represent past and current situations, but also
carry on long-term predictions. The availability of pre-
dicted animal trade movements, incorporated into regional
models of pathogen spread, would also provide a valuable
hand in assessing control measures based on movement
Figure 8 Probability of persistence of the within-farm infection five
years after infection set up as a function of farms’ characteristics.
Two scenarios are shown: 1% of the farms initially infected, uniformly
sampled, and with medium levels of within-herd prevalence (circles)
and 10% of the farms initially infected, uniformly sampled, and with
high levels of within-herd prevalence (diamonds). The four farms’
characteristics tested are the number of animals purchased (in-strength:
black), the number of animals sold (out-strength: blue), the polarity (red),
and the size (grey). Each of these characteristics is divided into six
intervals (min and max values for each interval are indicated), and the
average probability of persistence is calculated for each group.
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logical statuses, one of the major options to prevent Map
introduction in Map-free farms.
The model is based on two main simplifying assump-
tions. First, we assumed that farmers having both dairy
and beef production units or having a fattening activity
manage the animals related to different activities in sep-
arate buildings. Therefore, Map transmission between
units is expected to be low and negligible. Consequently,
we accounted only for dairy and cross-bred females in
the model. Movements of beef animals and of males
were not represented. Second, as no data was available
at the time of the study on Map prevalence (proportion
of infected farms or infected animals), we assumed that
the risk of purchasing an infected animal from outside
the metapopulation considered was the same as the risk
within the metapopulation. In the absence of control
measures in or outside the modelled area, assuming
such a homogeneous risk is relevant. However, such an
assumption should be relaxed to account for a spatial
heterogeneity in Map prevalence, especially if control
measures implemented in the region considered and
outside this region are not the same.According to our model predictions, Map infection is
highly persistent over time at a regional scale, regardless
of the initial prevalence of infection. The number of new
infections of farms is sufficient to avoid local extinctions.
Hence, even for regions with a low proportion of infected
farms, Map spread will not fade out spontaneously, with-
out the use of effective control strategies. This is consist-
ent with the observed situation in the considered region,
Brittany (in Northwestern France), characterized by a high
density of dairy cattle, where bovine paratuberculosis is
known as endemic [39]. Similar patterns are observed in a
large number of other regions in the world [15]. Theoret-
ical work carried out on the persistence of infectious dis-
eases in a metapopulation mainly concerned curable
diseases. In those contexts, the probability of extinction of
the infection has been shown to be highly related to the
rate of animal movements [40,41]. For chronic diseases
such as paratuberculosis, extinction will not occur at a re-
gional scale without human interventions, and this even
for low movement rates among populations.
Our model predictions support very high proportions
of infected farms, showing a continuous increase in the
number of infected farms over a nine-year period, irre-
spective of the proportion of initially infected farms
and their intra-herd prevalence of infection. This is in
agreement with current knowledge, the prevalence of
Map infection being assumed to be higher than 50%
and still increasing in most countries with a significant
dairy industry [14]. The screening of bovine paratuber-
culosis in the field is rendered very difficult due to the
long incubation period and to the low sensitivity of
available diagnostic tests currently used in routine [42].
Therefore, the true prevalence of infection remains
mostly unknown. Our model provides valuable indica-
tions on Map spread at a regional scale and its possible
drivers. We can expect that, without any control mea-
sures, Map infection will spread to all reachable farms,
i.e. all those purchasing animals even occasionally. The
probability of being infected at least once during a
period is related to the number of animals purchased
over that period. Considering the most probable levels
of infection in a region with a high density of dairy
farms [14,16], we can derive from our model predic-
tions that farms buying a minimum of 3 animals per
year have a risk of acquiring infection during a period
of 9 years greater than 0.5.
Incoming and outgoing movements to and from a
farm localized in a metapopulation are expected to mod-
ify pathogen spread in that farm compared to pathogen
spread in an isolated farm. As expected, reintroducing
Map infected animals in infected farms led to a faster
spread and a greater persistence at the farm level. More-
over, the probability of Map reintroduction increased
with the number of incoming movements. However,
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the number of animals exchanged. This clearly evidences
the interaction between population dynamics and infection
dynamics. At low prevalence of infection in the metapopu-
lation, the risk of purchasing infected animals is low. A
high turnover (to keep constant the herd size) within farms
associated with a large purchasing rate increase the prob-
ability of removing infected animals and therefore decrease
persistence. On the contrary, when the prevalence is high,
persistence is no longer affected by the within-herd turn-
over. The worst situation then consists in farms with a high
number of incoming movements but a low turnover. This
can occur for farms that enlarge their livestock through
purchases, an increasingly widespread behaviour.
While the drivers of Map spread at a regional scale are
not expected to vary with its speed, the simulated propaga-
tion is probably much faster than the one in the field at the
emergence of paratuberculosis in Western France. Indeed,
much fewer trade exchanges occurred between farms dur-
ing the last century, whereas farms were more numerous
[37]. The increase in animal trade movements and farm
merging could have led to a significant increase in Map
spread. However, accurate data on animal trade corre-
sponding to the early stages of Map invasion would be ne-
cessary to validate these hypotheses.
Our model has enabled a better understanding of Map
spread at a regional scale, as related to herd population
dynamics and time-varying trade patterns between farms.
This model can be used to predict Map spread in any
dairy farming region, as long as data on herd demography,
farm management, and animal movements is available. In
the absence of current knowledge on the exact epidemio-
logical situation in the field, this model is a valuable tool
for evaluating and prioritizing combined control measures
for various within-herd and regional levels of infection.
Additional files
Additional file 1: The within-herd model of Map spread. This file
contains equations of the within-herd dynamics and definition and values
of parameters.
Additional file 2: Network characteristics. This file contains graphs
representing distributions of herd size and of characteristics of the
network describing cattle trade data for Brittany over the period 2005-2013.
Additional file 3: Population dynamics calibration. This file contains
graphs on population dynamics (data versus simulation).
Competing interests
The authors declare that they have no competing interests.
Authors’ contributions
All authors were involved in the study design and all aspects of the work. All
authors read and approved the final manuscript.
Acknowledgements
This work was carried out with the financial support of the French Research
Agency (ANR), Program Investments for the Future, project ANR-10-BINF-07(MIHMES), and the European Union through the European fund for the regional
development (FEDER) of Pays-de-la-Loire. We thank the DGA1 and GDS Bretagne
for providing the data.
Received: 31 March 2015 Accepted: 19 August 2015
References
1. Keeling MJ, Eames KTD (2005) Networks and epidemic models. J R Soc
Interface 2:295–307
2. Volkova VV, Howey R, Savill NJ, Woolhouse MEJ (2010) Potential for
transmission of infections in networks of cattle farms. Epidemics 2:116–122
3. Danon L, Ford AP, House T, Jewell CP, Keeling MJ, Roberts GO, Ross JV,
Vernon MC (2011) Networks and the epidemiology of infectious disease.
Interdiscip Perspect Infect Dis 2011:284909
4. Buhnerkempe MG, Tildesley MJ, Lindström T, Grear DA, Portacci K, Miller RS,
Lombard JE, Werkman M, Keeling MJ, Wennergren U, Webb CT (2014) The
impact of movements and animal density on continental scale cattle
disease outbreaks in the United States. PLoS One 9:e91724
5. Dutta BL, Ezanno P, Vergu E (2014) Characteristics of the spatio-temporal
network of cattle movements in France over a 5-year period. Prev Vet Med
117:79–94
6. Dubé C, Ribble C, Kelton D, McNab B (2009) A review of network analysis
terminology and its application to foot-and-mouth disease modelling and
policy development. Transbound Emerg Dis 56:73–85
7. Kao RR, Danon L, Green DM, Kiss IZ (2006) Demographic structure and
pathogen dynamics on the network of livestock movements in Great
Britain. Proc Biol Sci 273:1999–2007
8. Nöremark M, Håkansson N, Lewerin SS, Lindberg A, Jonsson A (2011) Network
analysis of cattle and pig movements in Sweden: measures relevant for
disease control and risk based surveillance. Prev Vet Med 99:78–90
9. Rautureau S, Dufour B, Durand B (2010) Vulnerability of animal trade
networks to the spread of infectious diseases: a methodological approach
applied to evaluation and emergency control strategies in cattle, France,
2005. Transbound Emerg Dis 58:110–120
10. Bajardi P, Barrat A, Natale F, Savini L, Colizza V (2011) Dynamical patterns of
cattle trade movements. PLoS One 6:e19869
11. Vernon MC (2011) Demographics of cattle movements in the United
Kingdom. BMC Vet Res 7:31
12. Mweu MM, Fournié G, Halasa T, Toft N, Nielsen SS (2013) Temporal
characterisation of the network of Danish cattle movements and its
implication for disease control: 2000–2009. Prev Vet Med 110:379–387
13. Brooks-Pollock E, Roberts GO, Keeling MJ (2014) A dynamic model of
bovine tuberculosis spread and control in Great Britain. Nature 511:228–231
14. Behr MA, Collins DM (2010) Paratuberculosis: Organism, Disease, Control.
CABI, Oxfordshire
15. Nielsen SS, Toft N (2009) A review of prevalences of paratuberculosis in
farmed animals in Europe. Prev Vet Med 88:1–14
16. Guicharnaud M (2009) Description de la prevalence de la paratuberculose
chez les bovins laitiers dans le monde : revue et analyse. Ecole Nationale
Veterinaire de Nantes, Nantes
17. Ott SL, Wells SJ, Wagner BA (1999) Herd-level economic losses associated
with Johne’s disease on US dairy operations. Prev Vet Med 40:179–192
18. Lombard JE, Garry FB, McCluskey BJ, Wagner BA (2005) Risk of removal and
effects on milk production associated with paratuberculosis status in dairy
cows. J Am Vet Med Assoc 227:1975–1981
19. Windsor PA, Whittington RJ (2010) Evidence for age susceptibility of cattle
to Johne’s disease. Vet J 184:37–44
20. Whittington RJ, Windsor PA (2009) In utero infection of cattle with
Mycobacterium avium subsp. paratuberculosis: a critical review and meta-
analysis. Vet J 179:60–69
21. van Roermund HJW, Bakker D, Willemsen PTJ, de Jong MCM (2007)
Horizontal transmission of Mycobacterium avium subsp. paratuberculosis in
cattle in an experimental setting: calves can transmit the infection to other
calves. Vet Microbiol 122:270–279
22. Marcé C, Ezanno P, Weber MF, Seegers H, Pfeiffer DU, Fourichon C (2010)
Invited review: Modeling within-herd transmission of Mycobacterium avium
subspecies paratuberculosis in dairy cattle: a review. J Dairy Sci 93:4455–4470
23. Humphry RW, Stott AW, Adams C, Gunn GJ (2006) A model of the
relationship between the epidemiology of Johne’s disease and the
environment in suckler-beef herds. Vet J 172:432–445
Beaunée et al. Veterinary Research  (2015) 46:111 Page 13 of 1324. Benedictus A, Mitchell RM, Linde-Widmann M, Sweeney R, Fyock T,
Schukken YH, Whitlock RH (2008) Transmission parameters of
Mycobacterium avium subspecies paratuberculosis infections in a dairy herd
going through a control program. Prev Vet Med 83:215–227
25. Cho J, Tauer LW, Schukken YH, Gómez MI, Smith RL, Lu Z, Grohn YT (2012)
Economic analysis of Mycobacterium avium subspecies paratuberculosis
vaccines in dairy herds. J Dairy Sci 95:1855–1872
26. Pouillot R, Dufour B, Durand B (2004) A deterministic and stochastic simulation
model for intra-herd paratuberculosis transmission. Vet Res 35:53–68
27. van Roermund HJW, van Vos AM, de Jong MCM (2002) Within-herd
transmission of paratuberculosis and the possible role of infectious calves.
In Proceedings of the Seventh International Colloquium on
Paratuberculosis, Bilbao, Spain, June 11–14, pp. 368–370
28. Lu Z, Schukken YH, Smith RL, Grohn YT (2010) Stochastic simulations of a
multi-group compartmental model for Johne’s disease on US dairy herds
with test-based culling intervention. J Theor Biol 264:1190–1201
29. Lu Z, Schukken YH, Smith RL, Grohn YT (2013) Using vaccination to prevent
the invasion of Mycobacterium avium subsp. paratuberculosis in dairy
herds: A stochastic simulation study. Prev Vet Med 110:335–345
30. Marcé C, Ezanno P, Seegers H, Pfeiffer DU, Fourichon C (2011) Within-herd
contact structure and transmission of Mycobacterium avium subspecies
paratuberculosis in a persistently infected dairy cattle herd. Prev Vet Med
100:116–125
31. Marcé C, Ezanno P, Seegers H, Pfeiffer DU, Fourichon C (2011) Predicting
fadeout versus persistence of paratuberculosis in a dairy cattle herd for
management and control purposes: a modelling study. Vet Res 42:36
32. Ezanno P, van Schaik G, Weber MF, Heesterbeek JAP (2005) A modeling
study on the sustainability of a certification-and-monitoring program for
paratuberculosis in cattle. Vet Res 36:811–826
33. Carslake D, Grant W, Green LE, Cave J, Greaves J, Keeling M, McEldowney J,
Weldegebriel H, Medley GF (2011) Endemic cattle diseases: comparative
epidemiology and governance. Philos Trans R Soc Lond B Biol Sci 366:1975–1986
34. Hagan WA (1938) Age as a factor in susceptibility to Johne’s Disease.
Cornell Vet 28:34–40
35. Nielsen SS, Ersbøll AK (2006) Age at occurrence of Mycobacterium avium
subspecies paratuberculosis in naturally infected dairy cows. J Dairy Sci
89:4557–4566
36. Whitlock RH, Wells SJ, Sweeney RW, Van Tiem J (2000) ELISA and fecal
culture for paratuberculosis (Johne’s disease): sensitivity and specificity of
each method. Vet Microbiol 77:387–398
37. French cattle census datas. [http://agreste.agriculture.gouv.fr/enquetes/
recensements-agricoles/]. Accessed 26 August 2015.
38. R-software. [http://www.r-project.org/]. Accessed 26 August 2015
39. Grandjean M (2013) Etude longitudinale des profils d’excretion de
Mycobacterium avium subspecies paratuberculosis existants chez des bovins
en troupeaux laitiers infectés. Ecole Nationale Veterinaire de Nantes, Nantes
40. Jesse M, Ezanno P, Davis S, Heesterbeek JAP (2008) A fully coupled,
mechanistic model for infectious disease dynamics in a metapopulation:
movement and epidemic duration. J Theor Biol 254:331–338
41. Hagenaars TJ, Donnelly CA, Ferguson NM (2004) Spatial heterogeneity and
the persistence of infectious diseases. J Theor Biol 229:349–359
42. Nielsen SS, Toft N (2008) Ante mortem diagnosis of paratuberculosis: a
review of accuracies of ELISA, interferon-γ assay and faecal culture
techniques. Vet Microbiol 129:217–235
43. Marcé C, Guatteo R, Bareille N, Fourichon C (2010) Dairy calf housing systems
across Europe and risk for calf infectious diseases. Animal 4:1588–1596
44. Whitlock RH, Buergelt C (1996) Preclinical and clinical manifestations of
paratuberculosis (including pathology). Vet Clin North Am Food Anim Pract
12:345–356
45. Nielsen SS (2008) Transitions in diagnostic tests used for detection of
Mycobacterium avium subsp. paratuberculosis infections in cattle. Vet
Microbiol 132:274–282
46. Matthews HT (1947) On Johne’s disease. Vet Rec 59:397–401
47. Streeter RN, Hoffsis GF, Bechnielsen S, Shulaw WP, Rings M (1995) Isolation
of Mycobacterium paratuberculosis from colostrum and milk of subclinically
infected cows. Am J Vet Res 56:1322–1324
48. Sweeney RW, Whitlock RH, Rosenberger AE (1992) Mycobacterium
paratuberculosis isolated from fetuses of infected cows not manifesting
signs of the disease. Am J Vet Res 53:477–48049. Begg DJ, Whittington RJ (2008) Experimental animal infection models for
Johne’s disease, an infectious enteropathy caused by Mycobacterium avium
subsp. paratuberculosis. Vet J 176:129–145
50. Nielsen SS, Enevoldsen C, Toft N (2006) Milk production losses associated
with bovine paratuberculosis diagnosed from repeated testing. In
Proceedings of the 11th International Symposium on Veterinary
Epidemiology and Economics, Cairns, Australia, pp. 619–621
51. Jørgensen JB (1977) Survival of Mycobacterium paratuberculosis in slurry.
Nord Vet Med 29:267–270
52. Whittington RJ, Marshall DJ, Nicholls PJ, Marsh IB, Reddacliff LA (2004)
Survival and Dormancy of Mycobacterium avium subsp. paratuberculosis in
the Environment. Appl Environ Microbiol 70:2989–3004
53. Giese SB, Ahrens P (2000) Detection of Mycobacterium avium subsp
paratuberculosis in milk from clinically affected cows by PCR and culture.
Vet Microbiol 77:291–297
54. Magnusson M, Christiansson A, Svensson B, Kolstrup C (2006) Effect of
different premilking manual teat-cleaning methods on bacterial spores in
milk. J Dairy Sci 89:3866–3875
55. Vissers MM, Driehuis F, Te Giffel MC, De Jong P, Lankveld JM (2006)
Improving farm management by modeling the contamination of farm tank
milk with butyric acid bacteria. J Dairy Sci 89:850–858
56. Rossiter CA, Burhans WS (1996) Farm-specific approach to paratuberculosis
(Johne’s disease) control. Vet Clin North Am Food Anim Pract 12:383–415
57. Whittington RJ, Reddacliff LA, Marsh I, McAllister S, Saunders V (2000)
Temporal patterns and quantification of excretion of Mycobacterium avium
subsp paratuberculosis in sheep with Johne’s disease. Aust Vet J 78:34–37
58. Jørgensen JB (1982) An improved medium for culture of Mycobacterium
paratuberculosis from bovine feces. Acta Vet Scand 23:325–335Submit your next manuscript to BioMed Central
and take full advantage of: 
• Convenient online submission
• Thorough peer review
• No space constraints or color ﬁgure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at 
www.biomedcentral.com/submit
